This paper investigates variance risk premia in energy commodities, particularly crude oil and natural gas, using a robust model-independent approach. Over a period of 11 years, we find that the average variance risk premia are negative for both energy commodities. Energy variance risk premia in dollar terms are time-varying, while energy variance risk premia in return terms, particularly in the case of natural gas, are more constant over time. Finally, the return profile of a natural gas variance swap resembles that of a call option, while the return profile of a crude oil variance swap, if anything, resembles the return profile of a put option. The annualized Sharpe ratios from shorting energy variance are sizable. Although not nearly as high as the annualized Sharpe ratio of shorting S&P 500 index variance, they are comparable to those of shorting interest rate volatility or variance on individual stocks.
The methodology used in this paper to quantify energy variance risk premia is similar to that used by Carr and Wu (2008) in their study of equity variance risk premia. The idea is to use variance swaps on futures contracts. At maturity, a variance swap pays off the difference between the realized variance of the futures contract over the life of the swap and the fixed variance swap rate. And since a variance swap has zero net market value at initiation, absence of arbitrage implies that the fixed variance swap rate equals the conditional risk-neutral expectation of the realized variance over the life of the swap. Therefore, the time-series average of the payoff and/or excess return on a variance swap is a measure of the variance risk premium.
Variance swaps are over-the-counter products. For energy commodities, information on variance swap rates and their liquidity is not readily available. However, following theoretical advances in Carr and Madan (1998) , Demeterfi et al. (1999) , Britten-Jones and Neuberger (2000) , Jiang and Tian (2005) , and Carr and Wu (2008) , it is possible to very accurately compute a synthetic variance swap rate from a cross-section of liquid exchange-traded options on futures contracts. Our study is based on daily data from January 2, 1996 until November 30, 2006 -a total of 2750 business days. The source of the data is NYMEX (the New York Mercantile Exchange), which is the largest marketplace for these options.
The risk and return characteristics of equity index volatility has been studied in a number of papers -see, e.g., Coval and Shumway (2001) , Pan (2002) , Bakshi and Kapadia (2003a) , Bondarenko (2004) Bollerslev, Gibson, and Zhou (2004) , and Carr and Wu (2008) . It is interesting to compare the results for energy commodities with the results reported in these papers. To facilitate a comparison based upon a common time-period, all analyses in the paper are also performed on the S&P 500 index.
The main findings of the paper can be summarized as follows. First, the average variance risk premia are negative for both energy commodities but more strongly statistically significant for crude oil than for natural gas. This holds true whether variance risk premia are defined in dollar terms or in return terms. The annualized Sharpe ratios from shorting variance are sizable and larger for crude oil (0.59) than for natural gas (0.35), but not nearly as high as the annualized Sharpe ratio of shorting S&P 500 index variance (1.02). Variance swap returns exhibit excess kurtosis and positive skewness in all three markets.
Second, it is well-known that natural gas variance exhibits strong seasonality and peaks during the cold months of the year. We show that the natural gas variance risk premium, whether defined in dollar terms or in return terms, is also higher during the cold months of the year, although the difference between the cold and the warm season is not statistically significant. The annualized Sharpe ratio of shorting natural gas variance is 0.377 during October to March compared with 0.349 during April to September. Third, energy variance risk premia in dollar terms are time-varying and correlated with the level of the variance swap rate. In contrast, energy variance risk premia in return terms, particularly in the case of natural gas, are more constant over time and not highly correlated with the log variance swap rate. Similar dynamics are found for the S&P 500 index variance risk premium.
Fourth, in the case of natural gas and the S&P 500 index, there is a strongly non-linear relationship between the log excess return of long positions in variance swaps and the annualized log return of the underlying futures contracts over the lives of the swaps. However, while the return profile of a natural gas variance swap resembles that of a call option, the return profile of an S&P 500 index variance swap resembles the return profile of a put option. The return profile of a crude oil variance swap has a less distinctive pattern, although if anything it also resembles the return profile of a put option.
Hence, a strategy of shorting natural gas variance performs qualitatively differently than a strategy of shorting S&P 500 index variance in a number of important respects -the variance risk premium displays seasonality and the return profile resembles that of a call option rather than a put option -whereas a strategy of shorting crude oil variance performs qualitatively more similar to a strategy of shorting S&P 500 index variance.
Many of the results for the S&P 500 index variance risk premium reported in this paper are very similar to those reported in Carr and Wu (2008) . That paper also studies variance risk premia on selected individual stocks and finds that shorting variance generate annualized Sharpe ratios between 0 and 0.55. 5 Duarte, Longstaff, and Yu (2007) study volatility risk premia on interest rates and find that shorting interest rate volatility generate annualized Sharpe ratios between -0.08 and 0.82. Therefore, while shorting crude oil and natural gas variance is not quite as attractive as shorting S&P 500 index variance, the performance is similar to shorting interest rate volatility or variance on individual stocks.
The methodology used in this paper has the advantage that it does not rely on a particular pricing model. Doran and Ronn (2006) estimate volatility risk premia for crude oil and natural gas using a parametric model. This makes their results conditional on the particular parametrization of the risk premium that they employ, and any misspecification will bias their results. Nevertheless, consistent with our results, they find that the average volatility risk premium is negative for both energy commodities.
The rest of the paper is organized as follows: Section 2 discusses the methodology for estimating variance risk premia, Section 3 reviews the data and various implementation issues, Section 4 presents the results, and Section 5 concludes. An Appendix contains technical details.
Estimating variance risk premia
A variance swap is an instrument which allows investors to trade future realized variance of a given asset against current implied variance. At maturity, the variance swap pays off the difference between the realized variance of the reference asset over the life of the swap and the fixed variance swap rate. More specifically, the payoff at time T of a variance swap for the period t to T is given by
where V (t, T ) denotes the realized annualized return variance between time t and T , K(t, T ) denotes the fixed variance swap rate, determined at time t, and L denotes the notional of the swap. At initiation, the variance swap has zero net market value. Therefore, absence of arbitrage coupled with the assumption that interest rates are uncorrelated with realized variance, implies that the fixed variance swap rate is given by
That is, the fixed variance swap rate equals the conditional risk-neutral expectation of the realized variance over the life of the swap.
Let F (t, T 1 ) denote the time-t price of a futures contract maturing at time T 1 and suppose that V (t, T ) is given by the realized annualized continuously sampled futures return variance (i.e. the realized quadratic variation) over the period [t, T ], T ≤ T 1 . Then, K(t, T ) may be computed from a continuum of European out-of-the-money (OTM) options. In particular
where P (t, T ) is the time-t price of a zero-coupon bond maturing at time T , and P(t, T, T 1 , X) and C(t, T, T 1 , X) denote the time-t price of a European put and call option, respectively, expiring at time T with strike X on a futures contract expiring at time T 1 . This relation is exact when the futures price process is continuous (see e.g. Madan (1998), Demeterfi et al. (1999) and Britten-Jones and Neuberger (2000) ) and holds up to a small approximation error, when the futures price process exhibits jumps (see e.g. Jiang and Tian (2005) and Carr and Wu (2008)). For completeness, in the Appendix, we derive (3) in the case where F (t, T 1 ) follows a jump-diffusion process. 6
In practice, V (t, T ) is the realized annualized discretely sampled futures return variance.
In a typical variance swap contract, the asset price is sampled each business day at the official close or settlement, and the mean of daily asset returns is assumed to be zero. For a variance swap with N business days to expiry, we define a set of dates t = t 0 < t 1 < ... < t N = T with ∆t = t i − t i−1 = 1/252. V (t, T ) is then computed as
where
Now, for each business day in the sample, we compute the synthetic variance swap rate, K(t, T ), using (3) and the realized futures return variance over the life of the swap using (4).
We then compute two performance measures of a long position in a variance swap contract with a notional amount of L = 100 USD held to expiration. The first is simply the dollar payoff given by
while the second is the continuously compounded excess return given by
These are the same two measures considered by Carr and Wu (2008) , making our results directly comparable to theirs. The sample mean of (5) is an estimate of the average variance risk premium in dollar terms, while the sample mean of (6) is an estimate of the average variance risk premium in log return terms. On each business day, we select the futures contract with the shortest maturity among those futures contracts for which the options have more than 10 business days to expiration. We then select all OTM put and call options on this futures contract that have open interest in excess on 100 contracts, and have prices larger than 0.05 USD in the case of crude oil options and 0.005 USD in the case of natural gas options. The reason for requiring option prices to exceed the given thresholds is that crude oil options are quoted with a precision of 0.01 USD, and natural gas options are quoted with a precision of 0.001 USD. Generally, a large number of options meet these selection criteria. The average number of options is 25 for crude oil and 41 for natural gas, while the maximum number of options is 73 for crude oil and 122 for natural gas. For the interest rate, we use the three month LIBOR rate obtained from DataStream.
Since the options are American-style while the synthetic variance swap formula utilizes European-style options, it is necessary to convert the American option prices into European option prices by subtracting an estimate of the early exercise premium. 10 This is done using the same approach as in Trolle and Schwartz (2008) (see also Broadie, Chernov, Crude oil and natural gas trade in units of 1,000 barrels and 10,000 million British thermal units (mmBtu), respectively. Prices are quoted as US dollars and cents per barrel or mmBtu.
8 Settlement prices for all contracts are determined by a "Settlement Price Committee" at the end of regular trading hours and represent a very accurate measure of the true market prices at the time of close. Settlement prices are widely scrutinized by all market participants since they are used for marking to market all account balances.
hannes (2007)). 11 The estimated early exercise premium is always very small since we only use short-maturity, OTM options.
Suppose at time t we have a range of options expiring at time T on a futures contract maturing at time T 1 , and let σ denote the Black (1976a) implied volatility of the option that is closest to at the money (ATM). In a Black (1976a) log-normal setting, for an option with strike X, moneyness defined as
approximately gives the number of standard deviations that the log strike is away from the log futures price. We truncate the first integral in (3) at A synthetic 30 calendar day variance swap rate for the S&P 500 index (SPX) is easily obtained by squaring the CBOE volatility index (VIX). This is because the VIX squared approximates the conditional risk-neutral expectation of the realized 30 calendar day S&P 500 index variance. It is constructed along the lines of (3), using OTM S&P 500 index options along with a particular discretization scheme as well as interpolation between two option maturities to obtain a constant 30 calendar day maturity. 12 Daily data on the VIX and SPX indices was downloaded from the CBOE website.
11 The idea is, for each option, to assume that the price of the underlying futures contract follows a geometric Brownian motion. With this assumption, American options can be priced using the Barone-Adesi and Whaley (1987) formula. Inverting this formula for a given American option price yields an implied volatility, from which the associated European option can be priced with the Black (1976a) formula.
12 The CBOE webiste contains the details of the construction. Table 1 shows summary statistics of the variance swap rates and realized variances. For all three assets, the mean variance swap rate is larger than the mean realized variance, reflecting a negative variance risk premium in dollar terms on average. Natural gas is the most volatile of the three markets. Not only is the variance of futures prices the largest on average, but the volatility of the variance is also the largest. This holds true for both the variance swap rate and realized variance. In fact, natural gas is the most volatile of all major commodity markets except for electricity. Of the three markets analyzed, crude oil is the second most volatile, while the S&P 500 index is the least volatile. In all three markets, the variance swap rate and realized variance display positive skewness and excess kurtosis. 13 displays a high degree of seasonality, with volatility typically peaking during the winter months when demand for natural gas for heating purposes peaks. Since both supply and demand is fairly price inelastic, higher-than-expected demand during the winter due to exceptionally cold weather typically cause spikes in natural gas prices. 14 The natural gas market is also exposed to disruptions in supply. For instance, volatility rose sharply around Hurricane Katrina which affected gas production in the Gulf of Mexico. For the S&P 500 index, the variance swap rate peaks around the time LTCM disintegrated, after the September 11, 2001 terrorist attacks, and after WorldCom filed for Chapter 11 bankruptcy protection. Table 2 displays the correlations between daily changes in variance swap rates, daily changes in the estimated variances of the underlying contracts based on an EGARCH(1,1) specification, and daily log returns of the underlying futures contracts. First, while changes in the crude oil and natural gas variance swap rates display a small positive correlation (0.08), both are virtually uncorrelated with changes in the variance swap rate for S&P 500 equity index. Second, for crude oil, the correlation between futures returns and changes in variance is negative 13 Note that due to missing options data, there are fewer than 2750 observations for the variance swap rates.
Results

Properties of variance swap rates and realized variances
14 Since natural gas is also used for electricity generation, higher-than-expected air conditioning demand during the summer due to exceptionally warm weather may also cause sharp increases in natural gas prices.
but small (the correlation with changes in the variance swap rate is -0.04, and the correlation with changes in the GARCH variance is -0.14). This is consistent with results reported in Trolle and Schwartz (2008) who argue that crude oil volatility is largely unspanned by the futures contracts. 15 For natural gas, the correlation between futures returns and changes in variance is moderately positive (the correlation with changes in the variance swap rate and the GARCH variance is 0.36 and 0.43, respectively), suggesting that a larger component of natural gas volatility is spanned by the futures contracts than is the case for crude oil. In contrast, it is well-known that for the S&P500 index, the correlation between index returns and changes in variance is highly negative (in our sample, the correlation with changes in the variance swap rate and the GARCH variance is -0.77 and -0.80, respectively). 16
Variance risk premia
We consider a long position in a variance swap with a notional of 100 USD. Table 3 shows summary statistics of the dollar payoff, V (t, T )−K(t, T ), and log excess return, log(V (t, T )/K(t, T )), for both energy commodities as well as the S&P 500 index. The T -statistics are adjusted for the autocorrelation induced by the overlap in observations. The mean payoff and log excess return is negative for all three assets. The mean payoff is most negative for natural gas (-3.58 USD), followed by crude oil (-2.96 USD) and the S&P 500 index (-1.62 USD). The mean log excess return is most negative for the S&P 500 index (-56.9 percent) followed by crude oil (-26.5 percent) and natural gas (-22.3 percent). The reason why the ranking between the three assets changes, when considering returns instead of payoffs, is that the level of variance is very different between the three assets. The mean payoffs and excess returns are statistically significant in all three markets, with the T -statistics largest for S&P 500 index followed by crude oil and natural gas.
The distributions of payoffs exhibit fat tails for all three assets. It is fairly symmetric for crude oil as well as the S&P 500 index but displays positive skewness for natural gas. In contrast, the distributions of log excess returns are closer to normal although they do exhibit 
Seasonality in the natural gas variance risk premium
As mentioned above, natural gas volatility exhibits strong seasonality with volatility peaking during the cold months. For instance, the mean variance swap rate during October to March is 44.3 percent compared with 28.6 percent during April to September. An interesting question is whether the variance risk premium also exhibits seasonality. To this end, we compare the performance of variance swaps initiated during October to March (the cold season) with variance swaps initiated during April to September (the warm season). Table 4 shows summary statistics of the payoff, V (t, T ) − K(t, T ), and log excess return, log(V (t, T )/K(t, T )). The mean payoff is more negative during the cold season than during the warm season (-3.77 USD vs. -3.40 USD) and so is the mean log excess return (-24.5 percent vs. -20.2 percent). 18 Also, the annualized Sharpe ratio of shorting natural gas variance swaps is higher during the cold 17 In case of the S&P 500 index, the estimated annualized Sharpe ratio is very close to the 0.98 reported by Carr and Wu (2008) .
18 Note that due to large differences in the standard deviation of the payoff, the mean payoff is statistically insignificant during the cold season but statistically significant during the warm season. In contrast, the mean log excess return is more strongly statistically significant during the cold season than during the warm season.
Note also that both the payoff distribution and the log excess return distribution are positively skewed during the cold season, while negatively skewed during the warm season.
season than during the warm season (0.377 vs. 0.349). However, the difference between the mean payoffs and the difference between the mean log excess returns during the cold and the warm season is not statistically significant. 19
Time-variation in variance risk premia
As in Carr and Wu (2008) we test for time-variation in the variance risk premia by running the following two regressions:
and logV (t, T ) = a + blogK(t, T ) + ǫ.
Under the null hypothesis of constant variance risk premia in dollar terms, the slope in (9) is one. Absence of variance risk premia in dollar terms would further imply that the intercept in (9) is zero. Similarly, under the null hypothesis of constant variance risk premia in log return terms, the slope in (10) is one. Zero variance risk premia in log return terms would further imply that the intercept in (10) is zero. 
is asymptotically standard normally distributed. When testing for equality between the mean payoffs, we have T = −0.11, and when testing for equality between the mean log excess returns, we have T = −0.51. Hence, in neither case can we reject the null-hypothesis of equality.
terms, particularly in the case of natural gas, are more constant over time and not highly correlated with the log variance swap rate. The results for the S&P 500 index are very similar. 20 4.5 Option-like return profile of variance swaps Table 6 reports results from regressing the log excess return to the long side of a variance swap on the annualized log return of the underlying asset over the life of the swap. In the crude oil regression the relationship is negative but insignificant, while in the natural gas regression there is a statistically significant positive relationship. In the S&P 500 regression there is a statistically very significant negative relationship. This is consistent with the results in Section 4.1, that the correlation between daily underlying returns and changes in the GARCH variance is negative but small for crude oil, moderately positive for natural gas and highly negative for the S&P 500 index.
Studies on equity volatility have found that the negative correlation between index volatility and index returns is mainly (or only) due to a negative correlation when index returns are negative (see, e.g., Figlewski and Wang (2000) ). This suggests that the relationship between variance swap returns and returns of the underlying asset is non-linear in case of the S&P 500 index. Possibly, the relationship is also non-linear for the two energy commodities. To see if this is the case, Table 6 also reports results from running the regressions, first using only those observations where the return of the underlying asset is negative, and then using only those observations where the return of the underlying asset is positive. For natural gas and the S&P 500 index, we find a strongly non-linear relationship. For natural gas, there is a statistically highly significant positive relationship between variance swap returns and futures returns, when the futures returns are positive, but a much weaker (negative) relationship when the futures returns are negative. In contrast, for the S&P 500 index, there is a statistically highly significant negative relationship between variance swap returns and the index returns, when the index returns are negative, but an insignificant relationship when the index returns are positive. For crude oil, the relationship is weaker although there is a statistically significant negative relationship between variance swap returns and futures returns, when the futures returns are negative, but virtually no relationship when the futures returns are positive.
Hence, the return profile of a natural gas variance swap resembles that of a call option, while the return profile of an S&P 500 index variance swap resembles the return profile of a put option. The return profile of a crude oil variance swap has a less distinctive pattern, although if anything it also resembles the return profile of a put option. This is also evident from Figure 6 , which shows scatter-plots of log excess variance swap returns vs. annualized contemporaneous log returns of the underlying assets.
Conclusion
This paper has investigated variance risk premia in energy commodities, particularly crude oil and natural gas, using a robust model-independent approach. The analysis is based on 11 years of daily data on futures and options trading on NYMEX.
We find that the average variance risk premia are negative for both energy commodities, but more strongly statistically significant for crude oil than for natural gas. In the case of natural gas, we find some degree of seasonality in the risk premium, although it is not statistically significant. Furthermore, energy variance risk premia in dollar terms are time-varying and correlated with the level of the variance swap rate, while energy variance risk premia in return terms, particularly in the case of natural gas, are more constant over time and not highly correlated with the log variance swap rate. Finally, the return profile of a natural gas variance swap resembles that of a call option, while the return profile of a crude oil variance swap has a less distinctive pattern, although if anything it resembles the return profile of a put option.
During our sample period, the annualized Sharpe ratios from shorting variance is 0.59 for crude oil and 0.35 for natural gas. This is not nearly as high as the annualized Sharpe ratio of shorting S&P 500 index variance, but is comparable to the annualized Sharpe ratios, reported in other studies, of shorting interest rate volatility or variance on individual stocks.
In future work we plan to explore the economic underpinnings of the negative energy variance risk premia and their dynamics. It will also be interesting to investigate how energy variance swaps fit into diversified commodity portfolios.
Assume that the risk-neutral dynamics of the futures price F (t, T 1 ) is given by the following jump-diffusion process:
where W (t) is a Wiener process, v(t) is the instantaneous variance of the diffusion component, N (t) is a Poisson process with time-varying intensity λ(t), x is the jump size conditional on a jump occurring, and f (x) is the density of the jump-size distribution. By Itô's lemma
so that
The annualized realized quadratic variation of futures returns over the period
is given by
Combining (13) and (14) and taking expectations, we obtain
From Carr and Madan (2001) it follows that for any fixed Z we can write any twice continuously
In particular, with g(F ) = logF and Z = F (t, T 1 ), taking expectations, and rearranging, we Notes: Summary statistics of the variance swap rates, K(t, T ), and realized variances, V (t, T ). CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. Notes: Correlations between daily changes in variance swap rates (∆K), daily changes in the estimated variances of the underlying assets based on an EGARCH(1,1) specification (∆σ 2 ), and daily log returns of the underlying assets (R). CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. Notes: Summary statistics of V (t, T ) − K(t, T ), the payoff to a long position in a variance swap, and log(V (t, T )/K(t, T )), the log excess return on a long position in a variance swap. CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. "Sharpe ratio" refers to the annualized Sharpe ratios of shorting variance swaps. T -statistics and Sharpe ratios are computed from standard deviations estimated with the approach of Newey and West (1987) using a lag-length equal to the maximum variance swap maturity over the sample (33 business days for CL, 33 business days for NG, and 22 business days for SPX). 
, the payoff on a long position in a variance swap, and log(V (t, T )/K(t, T )), the log excess return on a long position in a variance swap. "Sharpe ratio" refers to the annualized Sharpe ratios of shorting variance swaps. T -statistics and Sharpe ratios are computed from standard deviations estimated with the approach of Newey and West (1987) using a lag-length equal to 33 business days -the maximum variance swap maturity over the sample. Table 4 : Seasonality in payoff and excess return of natural gas variance swap 
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Notes: K(t, T ) is the variance swap rate, and V (t, T ) is the realized variance. CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. Regressions are estimated by OLS. The T -statistics under the null hypotheses of a = 0 and b = 1 are reported in parentheses. These are computed using the Newey and West (1987) estimator with a lag-length equal to the maximum variance swap maturity over the sample (33 business days for CL, 33 business days for NG, and 22 business days for SPX). 
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Notes: rV is the log excess return on a long position in a variance swap. rU is the annualized log return of the underlying asset over the life of the swap. CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. The regressions to the left use all available data. The regressions in the middle use only those observations where the return of the underlying asset is negative. The regressions to the right use only those observations where the return of the underlying asset is positive. Regressions are estimated by OLS. The T -statistics under the null hypotheses of a = 0 and b = 0 are reported in parentheses. These are computed using the Newey and West (1987) estimator with a lag-length equal to the maximum variance swap maturity over the sample (33 business days for CL, 33 business days for NG, and 22 business days for SPX). Table 6 : Relationship between variance swap returns and returns of the underlying asset replacemen Jan96 Jan97 Jan98 Jan99 Jan00 Jan01 Jan02 Jan03 Jan04 Jan05 Jan06 Jan07 0 Jan96 Jan97 Jan98 Jan99 Jan00 Jan01 Jan02 Jan03 Jan04 Jan05 Jan06 Jan07 0 Jan96 Jan97 Jan98 Jan99 Jan00 Jan01 Jan02 Jan03 Jan04 Jan05 Jan06 Jan07 0 
returns of the underlying assets
Notes: rV is the log excess return on a long position in a variance swap. rU is the annualized log return of the underlying asset over the life of the swap. CL denotes crude oil, N G denotes natural gas, and SP X denotes the S&P 500 equity index. In each panel, the grey line to the left is the regression fit using only those observations where the return of the underlying asset is negative, while the grey line to the right is the regression fit using only those observations where the return of the underlying asset is positive.
